Abstract. Variations in the intensity of cosmic rays observed in the depth of the atmosphere include the atmospheric component of the variations. Cosmic-ray muon telescopes, along with the barometric effect, have a significant temperature effect due to the instability of detected particles. To take into account atmospheric effects in muon telescope data, meteorological coefficients of muon intensity are found. The meteorological coefficients of the intensity of muons recorded in the depth of the atmosphere are estimated from experimental data, using various methods of factor analysis. The results obtained from experimental data are compared with the results of theoretical calculations.
INTRODUCTION
Cosmic-ray (CR) intensity variations observed in the atmosphere with muon telescopes are a superposition of effects of different origin [Dorman, 1975] . The interplanetary component of CR intensity variations is conditioned by processes occurring on the Sun and in the interplanetary medium [Dvornikov et al., 2005] , the magnetospheric component is caused by disturbances in the magnetosphere [Kichigin et al., 2017] , and atmospheric variations associated with variations in atmospheric parameters (pressure, temperature, humidity, mass redistribution) [Dorman, 1972] . Atmospheric CR intensity variations are composed of barometric, temperature, and humidity effects. The contribution of each of these effects to the atmospheric component of CR variations for different secondary components varies. The decisive effect for the nucleon component is the barometric effect. The meson component consisting of unstable particles generally features a pronounced temperature effect in the presence of a small barometric effect. For the common ionizing component of secondary CR, all these effects contribute to atmospheric variations. When using observations made with muon telescopes [Yanchukovsky et al., 2016] , it is necessary to correctly account for the contribution of atmospheric effects to data. To do this, we should assess the impact of atmospheric parameters on the muon intensity in the atmosphere. The integral method proposed by Dorman [1957] allows us to account for the temperature effect of the intensity of muons from the entire atmosphere. The method assumes the presence of regular data on the temperature section of the atmosphere and the knowledge of density distribution of temperature coefficients for muons in the atmosphere. Its calculation has been made for Novosibirsk muon telescope-hodoscope and Yakutsk underground complex of muon telescopes . In practice, however, the results of theoretical calculations should be carefully applied to the correction of observations because all the calculations are usually made with various approximations [Dorman, Yanke, 1971; Berkova et al., 2008; Dmitrieva et al., 2009; . Experimental estimate of the density distribution of temperature coefficients is also difficult because temperature variations of different atmospheric layers are correlated. Therefore, to experimentally estimate the temperature coefficients of muon intensity from results of continuous observations, we have used different methods of data analysis.
METHODS
To analyze continuous observations, we adopt methods of factor analysis [Enyukov, 1989] : correlation/regression analysis [Draper, Smith, 2007; Ferster, Rents, 1981 ] and method of principal components (PC) [Aivazyan et al., 1989; Aivazyan, 2001] .
Muon intensity variations y caused by variations in the temperature of n atmospheric layers are represented as a linear regression equation where the intensity effect is expressed in terms of x 1 , x 2 , x 3 , ..., x n : y =a 0 +a 1 x 1 +a 2 x 2 +…+a n x n +ε or 0 1 ε. 
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A j is the regression coefficient having the meaning of the temperature coefficient of j-layer muon intensity; ε is the vector of random components, which distinguishes statistical data from data obtained by approximation. The parameters ( )
are determined using the least square method, which for linear regression equations reduces to solving a system of normal equations [Korn, Korn, 1984] . There is another type of multiple regression equa-tions, which we will also use -the equation of regression on a standardized scale [Gorlach, 2006] . Represent equation (1) 
Here r YXj , r XjXk are coefficients of pair linear correlation between variables. System of equations (3) was solved by the direct Gauss, Cramer, and Gauss-Jordan methods [Ilyin, Poznyak, 2004; Volkov, 1987] . The transition from the resulting standardized coefficients α j to desired multifactor regression coefficients A j is made by the relation
The method of principal components [Aivazyan et al., 1989; Aivazyan, 2001] , as well as methods of projections to latent structures PLS1 and PLS2 [Esbensen, 2005; Pomerantsev, 2014] have been used by us before [Kuzmenko, Yanchukovsky, 2015] to estimate the density of muon temperature coefficients from experimental data. The iterative algorithm for calculating factors in PC space for PLS1 and PLS2 has been described in detail in [Kuzmenko, Yanchukovsky, 2015] . The comparison of the results obtained by the PC, PLS1, and PLS2 methods shows that PLS2 yields the best result.
The Unscrambler X [http://www.camo.com/rt/Products/Unscrambler/unscra mbler.html] enables us to adopt the PLS2 method to calculations using four algorithms:
NIPALS is a nonlinear iterative least square algorithm, which helps with the processing in the absence of some values in the data and is suitable for calculating only the first few factors from a dataset [Esbensen, 2005] ; ORTHOGONAL SCORES PLS is the classical PLS algorithm involving NIPALS, which does not ensure the processing without some values in data [Martens, Naes, 1991] ; WIDE-KERNEL PLS is an algorithm that does not work without some values in data and is best suited for the data with several samples and a large number of variables [Rannar et al., 1994] ; KERNEL PLS is an algorithm that is best suited for a large number of samples (thousands of samples with several variables) [Lindgren et al., 1993; de Jong, Ter Braak, 1994; Dayal, McGregor, 1997] .
We have employed the first two algorithms before [Kuzmenko, Yanchukovsky, 2015] . The third algorithm is not to be suited for this problem because it deals with a dataset with a small number of variables and large number of samples (the number of samples means the number of values in datasets for each variable). We therefore apply the fourth PLS KERNEL algorithm to the calculations.
DATA
The programs [Kuzmenko, Yanchukovsky, 2015 ] are designed to read and provide the desired format of the following data:
• upper-air sounding data (Bugrinskaya Roshcha, Novosibirsk): temperature, wind speed and direction at different isobaric levels: 1000, 925, 850, 700, 500, 400, 300, 250, 200, 150, 100, 50 mb [https://ruc.noaa.gov/raobs];
• ground-based CR-intensity measurement data: neutron component, the total ionizing component and muon component at different zenith (0°, 30°, 40°, 50°, 60°, 67°, 71°) and azimuth (southeast, northwest, southwest , northeast) angles, as well as atmospheric pressure and surface layer temperature (CR station Novosibirsk [http://cosm-rays.ipgg.sbras.ru]). The analysis is based on daily average observational data for [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] . This data sampling is determined by the periodicity of upper-air sounding (12 hr).
METEOROLOGICAL COEFFICIENTS OF MUON INTENSITY
Intensity variations of muons detected at the level h 0 of the atmosphere at a point with the geomagnetic cutoff threshold R c can be represented as follows:
where β m (h) is the barometric coefficient of muon intensity; w m (T 0 , h 0 , h) is the function of density of temperature coefficients, which reflects the contribution of atmospheric layers to the creation of the integral temperature effect of intensity; ΔT(h) are time variations of atmospheric temperature as a function of height; (ΔD/D)(R) and W(R, h 0 ) are the spectrum of variations in the primary flux and the coupling coefficients for the CR muon component respectively. Here R is the primary particle rigidity, h is the atmospheric pressure, h 0 and T 0 are pressure and temperature of the atmosphere at the level of muon observation. Muon intensity variations (5) can be represented as a linear regression equation in which the barometric and temperature effects, as well as the effect of the primary CR variation, are expressed in terms of the factors x 1 , x 2 , x 3 , x 4 : y=a 0 +a 1 x 1 +a 2 x 2 +a 3 x 3 +a 4 x 4 +ε. (6) The resulting factor y refers to muon intensity varia- Equation (6) can be represented in a standardized scale similarly to Equation (2).
Find standardized regression coefficients by solving system of equations (3). Then proceed to the desired multifactor regression coefficients, using ratio (4). The coefficients thus obtained are shown in Table 1 .
The results allow us to identify directly the temperature component of muon intensity variations in initial observations without employing, as was done previously in [Kuzmenko, Yanchukovsky, 2015] , the spectrographic analysis of observed variations [Dvornikov et al., 1972; Yanchukovsky et al., 2011] .
DENSITY OF TEMPERATURE COEFFICIENTS OF MUON INTENSITY
Correlation/regression analysis. The atmosphere is arbitrarily divided into 11 layers according to upper-air data, which are presented for 11 isobars: 925, 850, 700, 500, 400, 300, 250, 200, 150, 100, and and 50 mb. Therefore, in expression (2) n=11. Solving system of equations (3), find the standardized regression coefficients. Using (4), convert them into the multifactor regression coefficients having the meaning of temperature coefficients. In passing to the density of temperature coefficients of muon intensity, as before, we account for the weighting factor depending on the relative weight of the atmospheric layer The results obtained from the correlation/regression analysis for muons recorded at zenith angles from 0° to 60° are summarized in Table 2 .
The PLS2 method with the use of the PLS KERNEL algorithm. Temperature coefficients of muon intensity in the atmosphere for different zenith angles found by the PLS2 method (PLS KERNEL algorithm) are listed in Table 3 .
In passing to the density of temperature coefficients of muon intensity, as previously we consider the relative mass Δh of the atmospheric layer.
The densities of muon intensity temperature coefficients obtained by PLS2 are shown in Table 4 .
The choice of the number of principal components from 1 to 3 slightly affects the result. When including more than three principal components, we lose information in the initial data and have non-physical dynamics of resulting curves.
RESULTS AND DISCUSSION
For comparison, the results are shown in Figures 1 and 2 . Figure 1 displays density distributions of temperature coefficients of vertically recorded (at a zenith angle of 0°) muon intensity without a shield (Figure 1, a) and with a 0.56 GeV shield (Figure 1, b) . Here, A1 is the barometric coefficient, A2 is the temperature coefficient of the layer of variable mass (surface layer), A3 is the temperature coefficient of the mass average temperature of the atmosphere, and A4 is the regression coefficient with neutron monitor data on the intensity of muons recorded without a lead shield (O.I.) and with a lead shield at zenith angles of 0, 30, 40, 50, 60, 67, and 71°. Table 3 Temperature coefficients of muon intensity determined using the PLS2 method (KERNEL algorithm) These distributions have been obtained by different methods: from experimental data using the correlation/regression analysis (curve 1), by the PC PLS2 method (curve 2), from theoretical calculations (curve 3). To depths of <400 mb, the results of the two methods within the limits of error coincide, and begin to differ at depths of >400 mb. This can be explained by the fact that the PLS2 method in selecting the optimal number of principal components accounts for the statistical significance of variables in the total effect. This method (KERNEL algorithm) allows us to find the temperature coefficients of muon intensity from experimental data with greater accuracy than the correlation/regression analysis. The theoretically calculated distributions have better agreement with those found by PLS2 (KERNEL algorithm) for the following values of initial parameters: L p =70 g/cm 2 , l π =110 g/cm 2 , γ=2.75. Where L p is the absorption range of protons, l π is the absorption range of pions, γ is the component of the power spectrum of the primary cosmic-ray flux.
CONCLUSION
It is usually difficult to experimentally estimate density distributions of temperature coefficients because temperature variations in different atmospheric layers are correlated. We have shown that for the experimental estimate of the temperature coefficients of muon intensity from results of continuous observations, the method of principal components PLS2 (KERNEL algorithm) is more efficient and accurate than the multifactor regression analysis methods.
We used experimental data from the Unique Research Facility Russian National Network of CosmicRay Stations.
